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Advanced analytics, data science, and new-generation artifi-
cial intelligence (AI) are among the most promising directions
in the area of information and communications technology
(ICT) and the disciplines of science, engineering and technol-
ogy (SET), where data science has become the driving force of
new-generation AI. Data science and new-generation AI have
attracted increasing interest from governments, companies and
academia, with important initiatives launched by countries
such as the United States [1] and China [2], and the European
Commission [3].
However, despite the fact that the role of a data scientist
has been described as the sexiest job in the 21st century [4],
[5], the qualifications and capabilities of a data scientist are
not clearly defined; it is important to determine and define
the qualifications needed by next-generation data scientists
who will be responsible for transforming science, technology
and innovation both today and in the future and to increase
economic competitiveness [6].
An increasing number of data science roles have been
generated by increasing online course offers and face-to-face
learning in traditional institutions [7]. Hence, data science has
clearly become a highly sought-after profession [8], [9], [10].
However, high-end data science employers (including innova-
tors, vendors, and enterprises) often complain about the limited
availability of qualified data scientists to enable their strategic
development and foster their future competitive advantage.
This indicates the changing status of existing professional and
educational markets, the restricted benchmarking and accredi-
tation of the responsibilities and capabilities of data scientists,
and the urgent need to standardize and upgrade competencies
and the maturity of data science qualifications and education.
This article addresses these important issues, with the aim of
contributing to the standardization and formalization of the
next-generation data science profession and education.
I. DATA SCIENCE AS A PROFESSION
Data science has driven the emergence of a new profession:
the data science profession, or simply the data profession [6].
Evidence for the growth of the data profession includes the
increasing number of clearly divided, diversified, well-defined
and predominant data-oriented roles and responsibilities, the
increasingly clearly articulated and pursued qualifications, the
increasingly clarified competencies and capabilities of these
roles, and their increasingly profound impact on driving and
transforming data research, innovation, the economy and so-
ciety.
A. Spectrum of Data Roles
Data roles broadly refer to job positions and the responsi-
bilities that are centered on, related to, or enabled by data
and data-oriented (including data-driven, data-enabled, and
data-based) tasks and agendas. Specifically, data science roles
are those centered on data-driven discovery, innovation and
practices. They have been built on the profession of software
engineering, database administration, business intelligence,
computing, enterprise application integration, business anal-
ysis, and statistical analysis.
There are various perspectives from which to structure and
categorize data roles. To conduct enterprise data science, an
enterprise data science team is often formed with different
roles to accomplish various scientific and engineering tasks.
Typically, the members of a data science team play different
data roles to undertake the following responsibilities and
tasks: (1) to design the infrastructure for data computing,
analytics, and decision-support; (2) to perform the engineering
of data, software, applications, networking, communication,
analytics, reporting, and decision-support; (3) to undertake the
discovery of data-driven scientific exploration, modeling and
optimization, including general and specific analytics, mining,
learning, recognition, prediction and refinement; (4) to develop
a decision strategy for designing, implementing and evaluating
data-driven decisions, strategies, and actions; (5) to participate
in the leadership for planning, overseeing and governing
hierarchical (e.g., from enterprise-level to groups and teams
in the enterprise) visions, missions, plans and strategies; and
(6) to manage the administration of data, resources, tasks,
processes, and risk etc.
Fig. 1 shows the various roles and positions that are needed
to undertake the aforementioned areas of responsibility in a
corporate data science group [6]. Typical data science roles
that differ from existing business intelligence professional
roles include data planning strategists, analytical architects,
data modelers, subject-specific analysts (e.g., behavior ana-
lysts, financial analysts, and visual analysts), discovery sci-
entists, model operators, quality assurers, decision strategists,
etc. Interested readers are encouraged to refer to references
such as [6] for a more detailed discussion on the various
data science positions available, and in particular Chapter 10
Data Professions in [6] for a discussion on the responsibilities
associated with each of the aforementioned areas and the roles
in Fig. 1.
B. Data Scientists and Engineers
Of the various data roles, two of the most prominent are data
scientists and data engineers. These constitute a collaborative
and functional data science team to enable data science and
data engineering tasks to be undertaken in an enterprise.
There has been intensive discussion on the roles and re-
sponsibilities of data scientists [6], [9], which are usually
either broad-based or specific. So, who are data scientists
and data engineers? Data scientists are data professionals
whose major responsibilities and agenda are centered on data-
driven exploration and discovery whereas data engineers focus
on preparing and processing data and the related supporting
facilities for data-driven discovery and for obtaining data-
driven discovery results. In short, data scientists make sense
of data for discovering data value and insights, while data
engineers prepare data, support the discovery, and implement
the methods and tools to discover data value and insight. Fig.
2 summarizes the responsibilities and qualifications of data
scientists and data engineers.
What do data scientists and data engineers do respectively?
The main responsibilities of and tasks conducted by data
scientists consist of: (1) understanding problem complexities;
(2) identifying and specifying constraints and requirements;
(3) understanding and quantifying data characteristics; (4)
translating underlying challenges to analytical problems; (5)
planning analytical strategies and design; (6) conducting data
exploration and discovery; (7) evaluating and optimizing an-
alytical results; (8) extracting data value and insight; (9)
communicating and interpreting results with stakeholders; and
(10) operationalizing data exploration and discovery.
In contrast, data engineers are responsible for (1) under-
standing the business domain and problems; (2) conducting
business requirement analysis; (3) preparing data; (4) prepar-
ing the data system; (5) ensuring data quality and ethical com-
pliance; (6) programming data models; (7) computing data;
(8) manipulating analytical results; (9) managing projects;
and (10) testing data systems and ensuring system quality to
achieve the design objectives. In practice, much of this work
may be shared and collaboratively undertaken by both data
scientists and engineers.
What qualifications should data scientists and data engineers
have to fulfil the aforementioned responsibilities and tasks?
The following qualifications and capabilities may be required
for data scientists: (1) data science thinking; (2) scientific
leadership; (3) doctoral qualifications in related fields; (4)
capability to handle complex systems and problems-solving;
(5) solid foundation in statistics, analytics and learning; (6)
hands-on experience in computing; (7) good collaborative,
organizational and communication skills; and (8) rich inter-
disciplinary knowledge and cross-domain experience.
Data engineers may hold the following qualifications and
possess the following skills: (1) knowledge of the method-
ologies of computing and engineering; (2) master’s or doc-
toral qualifications in related fields; (3) knowledge of applied
statistics; (4) knowledge of and skills in software engineering,
information systems, programming, distributed and cloud com-
puting, high-performance computing, networking and com-
munication, information retrieval, information security, and
enterprise application integration, etc.; (5) skills and practical
experience in data processing; (6) experience of system design,
implementation, testing, and deployment; (7) knowledge of
and experience in project management; (8) skills and expe-
rience in user interface design and decision-support systems;
and (9) good collaborative, organizational and communication
skills.
II. DATA SCIENCE COMPETENCIES
The competencies required by data scientists to conduct
creative data science research and actionable practice include
the ability to engage in data science thinking and the pos-
session of a data science knowledge base and skill set. The
level of maturity of these competencies possessed by either
an individual or an organization determines how competitive
they are compared to others and how deeply they can delve
into data science.
A. Data Science Thinking
What makes data science a new science? There are many
possible technical answers to this important question, however
the most prevalent is the ability to engage in data science
thinking [6]. The critical foundation and success factor of
data science is “what and how to think about data”, where
thinking goes beyond creative and critical thinking and data
analytical thinking. Data science thinking refers to cognitive
and methodological perspectives, thinking traits and habits,
and design paradigms and strategies of the mind in handling
data problems and systems.
First, from cognitive and methodological perspectives, data
science is a higher-level scientific field, a trans-disciplinary
science, a complex system, and a comprehensive cognitive
and discovery process (for a more specific discussion on
these arguments, refer to [6]). Accordingly, a systematic view
of scientific methodologies, disciplinary structure, problem
complexities, and problem-solving thinking and technical ap-
proaches is essential. Integrative systematism [11] may be
required to synthesize bottom-up reductionism and top-down
holism to generate a systematic view and enable a system-
atological process of data science. The trans-disciplinary data
science synthesizes and transforms multiple relevant sciences
and fields such as informatics, computing, statistics and soci-
ology to a new field.
Accordingly, a comprehensive view and structure of data
science can be created, such as that shown in Fig. 3 [6].
Data science thinking views that a data problem and system
is composed of four interconnected and progressive layers:
(1) the feed layer, (2) the mechanism design layer, (3)
the deliverable layer, and (4) the assurance layer; and two
enablers: (1) the thought wing, and (2) the custody wing
[6]. This comprehensive understanding of data science starts
Fig. 1. Data roles for enterprise data science.
Fig. 2. Responsibilities and qualifications of data scientists and engineers.
with the identification, quantification, and formalization of
system complexities of data problems and systems, which
involves X-complexities and X-intelligence w.r.t. data, domain,
organization, society, human, network and behavior [12], [6].
Second, the aforementioned cognitive and methodological
understanding of data science has to be enabled by general
and specific data-oriented thinking traits and habits. The
exploration of these X-complexities and X-intelligence and
their meta-synthesis [11] requires the establishment of sci-
entific thinking for data science, which is complexity and
intelligence-driven, data-centric, exploratory and analytical,
evidence and fact-based, and reproducible and interpretable.
Many critical, creative, and systematic thinking traits and skills
are required to achieve data science thinking, e.g., inquisi-
tiveness and imaginative thinking about the unknown world
[12] w.r.t. unknown data challenges, problems, complexities,
hierarchy, structures, distributions, relations, heterogeneities,
and unknown capabilities, opportunities and solutions; and
the integrity, soundness and interpretability of data-driven
exploration processes, analytical and learning theories and
methods, and the resultant evidence.
Lastly, data-centric design paradigms, strategies and patterns
are necessary to produce original, interesting and actionable
[13] data products [6]. One of the most important agendas of
the relevant data science communities is to invent appropri-
ate design paradigms, strategies, patterns, architectures, and
models to address common or specific data characteristics,
system complexities, and outcome expectations. This has been
reflected in the journey of statistical analysis, machine learn-
ing, knowledge discovery, and broad informatics and analytics,
as exemplified by classic design strategies and patterns such
as complementation vs. contrast, individual vs. hybridization
design, coupling vs. disentanglement, breadth vs. depth, and
structuring (e.g., partition, graph, tree, and ensemble commit-
tee); and more recent effort on deepening the network depth to
creat deep neural networks and incorporating design strategies
such as attention, memory, gating, and adversaries into deep
networks. Such effort continues in creating new and more
effective and efficient design patterns and strategies to tackle
more sophisticated data characteristics and complexities.
B. Data Science Knowledge and Skills
The different data roles, including those of data scientists
and data engineers, are empowered by respective bodies of
knowledge and the set of skills and capabilities. Since data
roles are comprehensive (extending over the whole spectrum
of making sense of data and delivering data value) and specific
(each role is responsible for particular tasks and expectations),
the relevant knowledge map and skill set are broad and can be
categorized in terms of different criteria and purposes. Fig. 4
illustrates a framework of competencies for data science teams
and individual data scientists [6]. The competency frame-
work suggests data science education and training to foster
a comprehensive knowledge and capability set for qualified
all-rounded data scientists, including key knowledge, skills
and experience in data science thinking, foundational theories,
engineering techniques, work-ready practice, communication
skills, management, and leadership.
First, it is important to train all those holding a data role
to have the ability to engage in data science thinking and to
develop their mental capabilities so they are able to think about
data [14]. The required methodologies, research methods,
cognitive skills and mental traits are important to (1) enable
general cognitive and scientific thinking, including creative
and critical thinking, induction and reduction, abstraction and
summarization, logical and imaginative thinking; and (2) de-
velop specific data science thinking traits and methods, includ-
ing statistical thinking, computational thinking, data analytical
thinking, learning and inferential thinking, and optimization
and ethics.
Second, the foundational theories for data science may
involve different disciplines and areas, typically including
(1) theories in statistics, mathematics, and complex systems
to understand problem complexities and data characteristics;
(2) theories and methods for the representation, exploration,
analysis, learning and modeling of complex data, behaviors
and problems; (3) theories and methods to quantify similarity,
dissimilarity, quality, impact and risk; and (4) theories to eval-
uate and optimize learnability and computational complexity.
Further, many engineering techniques are involved in data
science and engineering. These include (1) qualitative and
quantitative analytical and learning techniques, typically in-
cluding statistical analysis, knowledge discovery, machine
intelligence learning, pattern recognition, natural language
processing, and multimedia data analysis, to build and opti-
mize analytical and computational algorithms and models for
descriptive, diagnostic, predictive and prescriptive analytics
and learning; (2) information processing and management
techniques and tools for data preparation, exploratory anal-
ysis, information retrieval, data engineering, and analytics
programming; and (3) system design, infrastructure building,
and decision-supporting techniques and tools to enable human-
machine interaction, data infrastructure and platform construc-
tion, large-scale computing (including high performance ana-
lytics, distributed analytics and cloud analytics), networking
and communication, visualization and presentation.
In addition, work-ready practices are critical for converting
data and data science to extract greater value from data and
enhance productivity by applying the aforementioned theories
and techniques. Better practices are built on practical skills and
hands-on experience of undertaking impactful enterprise data
science innovation, actionable and interpretable experimental
designs, effective and reproducible analytics projects, exem-
plary and transferable case studies, and successful widespread
applications.
Lastly, the success of data science depends not only on
original theories, innovative techniques, and actionable prac-
tices, but also on effective communications, management, and
leadership. Communication skills are critical in building a
high-performing data science team and delivering data science-
driven strategic value and decision-making action. Data sci-
ence communications may involve regular workshops and
seminars; professional reporting, documentation and visualiza-
tion of data science design, modeling, processes and results;
informative story-telling and evaluation, and business-friendly
interpretation of data-driven discovery findings; and team-
based collaboration and reflection.
Data science management involves techniques and capabili-
ties for conducting effective data organization, governance and
auditing; management of data, resources, projects, roles and
responsibilities, and results; assurance of mitigating privacy,
security, risk, impact, and social and ethical issues; and opti-
mization of operations, deployment and decisions. In contrast,
those who play a data science leadership role need knowledge
and experience in enterprise data science thinking, research
and innovation leadership, strategic planning, decision science,
business evaluation, risk management, best practice, and opti-
mization, etc.
C. Data Science Competency Maturity
In reality, the data science competencies between individu-
als and between organizations are usually divided. The com-
petency imbalance reflects the differences and gaps between
organizations which undertake data science.
Data science competency maturity refers to the level of an
individual’s or organization’s capability and capacity to under-
take the best possible data science research and best practice.
A data science competency maturity model builds benchmarks
to structure and quantify the maturity level of competency,
which can be measured in terms of data maturity, data science
Fig. 3. A data science view and structure.
capability maturity, and data science organizational maturity
[6]. Fig. 5 summarizes the various aspects of competency
maturity in data science.
Data maturity measures the level of data complexity, the
quality of data, the usability of data, the satisfaction rate of
data in achieving the anticipated objectives, and the potential
of data value. These aspects are specified and quantified in
terms of the target sources of data, which may be different,
e.g., in some corporate organizations, partial data may be
highly mature while the global set may not be.
Data science capability maturity refers to the level of
knowledge, capability, practice, and experience of either an in-
dividual holding a data role or a data science team in relation to
manipulating data and delivering the best possible outcomes.
Capability maturity can be structured and quantified in terms
of the sufficiency and power level of the essential capabilities,
the usability of the capabilities, the level of fit between the
capabilities held and those required for utilizing data maturity,
achieving data science objectives, and maximizing the value
potential of data and capabilities.
Lastly, data science organizational maturity refers to the
level of organizational maturity in undertaking data science
research, innovation, and practice. This is further depicted and
categorized in terms of the maturity of strategic organizational
data science thinking (thinking maturity), the maturity of data
science strategic planning and policies (strategy maturity),
organizational infrastructures and capabilities for fulfilling
data science (capability maturity), the maturity of organiza-
tional data (data maturity), the maturity of organizational data
science team (people maturity), and the level of practical
experience (practice maturity), and the excellence level of
data science organizational leadership (leadership maturity),
etc. In addition, data science organizational maturity can
be further categorized in terms of organizational hierarchy,
e.g., the corporate, departments or business units, teams, and
individuals.
III. DATA SCIENCE EDUCATION
There are a large number of courses available online and
in academic and training institutions which teach basic to
advanced subjects. However, their quality varies significantly
and few provide the systematic and intrinsic strategies and
programs to train next-generation data scientists and to meet
the strategic needs of the booming data economy and data
science profession. Here, we briefly review the gaps, and
introduce a framework for data science qualifications and
pathways to train qualified data professionals.
A. The Gaps in Data Science Education
In recent years, hundreds of courses and subjects have
become available at academic institutions and training orga-
nizations [9]. These courses are offered in core disciplines
of statistics and mathematics, computer science, business and
management, and non-core disciplines such as environmental
science and finance. It has been observed that almost every
major university has either introduced or is about to introduce
courses in data science. In addition, online courses, training
courses and open courses are increasingly diversified and
are attracting teaching resources from traditional academic
institutions.
The body of knowledge delivered in typical on-campus data
science courses include major subjects such as (applied) statis-
tics, artificial intelligence, machine learning, pattern recog-
nition, big data analytics, and data mining; and minor ones
such as programming, visualization, business analytics, project
management, and capstone projects. These subjects may be
offered at both undergraduate and postgraduate levels.
A comprehensive review of the relevant courses and subjects
offered for data science has resulted in the following obser-
vations and gaps [6]: (1) none to few courses teach students
how to think about data, i.e., the skills and capabilities of
data science thinking; (2) truly trans-disciplinary data science
courses are few with most courses forming a ‘miscellaneous
decoupled platter’ of existing subjects delivered by different
faculties; (3) the level of course quality varies greatly, as does
the level of knowledge advancement and the coverage and
sufficiency of data science competencies; (4) independent data-
driven problem-solving research and innovation capabilities
are missing yet critical for conducting real-life data science;
(5) there are serious gaps between the challenges of real-world
problem complexities and the advancement of knowledge
taught in most of the available courses.
Fig. 4. Framework of data science competencies and courses.
Fig. 5. Data science competency maturity.
B. A Data Science Qualification Framework
Some major questions to be asked when constructing a
pragmatic data science course framework include: (1) What
makes a qualified next-generation data scientist? (2) What are
the gaps and issues in existing data science courses? (3) What
is available to foster next-generation data scientists? and (4)
How to enable students to cope with unknown challenges
and unavailable knowledge and invent the new knowledge
required?
It has to be a joint effort between relevant governments, in-
dustry, academic institutions, and individuals to systematically
address the aforementioned challenges. Various resources and
efforts from academia, industry (including corporate training
and public courses), and policy-making bodies have to be
committed. Here, we focus on how to transform and structure
data science courses since they play a driving role in training
scientists and engineers. In Fig. 6, a framework of data science
qualifications which paves a pathway from undergraduate to
master’s and doctoral studies is presented.
A Bachelor in Data Science builds knowledge, capabilities
and experience through a three-stage training process. Stage 1
imparts data science fundamentals which empowers students
to engage with data science thinking and provides knowledge
on introductory data science and foundations of data science.
Stage 2 imparts knowledge and engineering skills to students
to enable them to undertake data processing, engineering,
computing, and programming, as well as exploratory discov-
ery. Stage 3 focuses on data science practices, which involve
multiple capstone projects, internships and applications of data
science which enhance the students’ skills and experience
to ensure sound data understanding, and also covers project
management, managing social and ethical issues, and com-
municating actionable results to stakeholders. As a result,
graduates are ready for the workplace in enterprise data
science as data analysts or business analysts.
Further, a Master in Data Science trains students to become
data specialists in a specific business domain or a research
area of data science through a three-stage training process.
In Stage 1, students obtain advanced foundations in terms of
creative data science thinking and foundations for advanced
data science. In Stage 2, students utilize the knowledge they
have obtained in relation to the advances in data science
research and development so they can grasp the latest and
most advanced techniques, and are able to conduct advanced
data discovery; students are also empowered with the relevant
interdisciplinary theories and methods. In Stage 3, students
obtain with advanced data science innovation capabilities, en-
terprise data science innovation and practices, and knowledge
and skills of management and leadership.
Lastly, a PhD in Data Science imparts the skills required
by a senior data science leader to create profound and rig-
orous theoretical breakthroughs, and provides an in-depth
understanding of sophisticated and previously unknown data
and problem complexities and the ability to process this.
Accordingly, doctoral students focus on developing original
and creative philosophical thinking in data science, trans-
forming and creating scientific paradigms for data science
research and innovation, and performing novel and significant
interdisciplinary research and innovation. They are expected
to produce unique and significant research leadership and
knowledge advancements and demonstrate better practice in
relation to translating high-quality data science advancements
into high-impact demonstrations.
IV. CRITICAL AGENDA
Data science has been driving new productivity in terms of
enabling and creating new science, development, applications,
and the economy [6]. Accordingly, the data science profession
has emerged as a new profession in which data scientists play
profound roles and data science education needs to train the
next-generation data scientists to achieve the aforementioned
agenda.
The systematic and quality development of the data science
profession and education relies on setting up and executing
a significant professional and national science and innovation
agenda, for example
• conducting comprehensive market surveys of market de-
mand and supply, the quality of and satisfaction with the
existing generation of data roles, and the gaps between
them and the rapidly developing market need especially
that of major data-based innovators, vendors and enter-
prise end users.
• conducting professional benchmarking and accreditation
of data science qualifications and courses that conform to
the joint agreement with the relevant disciplines, industry,
professional bodies, and policy-making institutions.
• encouraging regional and global collaborations in de-
veloping standard guidance and curricula outlines that
minimize deviation and maximize the positive experience
between institutions, countries and regions.
• implementing educational and training initiatives and pro-
grams that support trans-curricula programs to train data
Fig. 6. A framework for data science qualifications and pathways.
scientists with compound trans-disciplinary knowledge
and cross-domain experience.
• implementing new educational and training strategies,
plans, and programs that substantially enhance the quali-
fications and capabilities of the existing professionals and
train high-calibre next-generation data scientists.
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